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Abstract
Background: Steatotic liver disease affects 40% of nonobese individuals, but existing screening tools inadequately detect and
stage disease severity in this population because of the limited sensitivity of conventional ultrasound and the lack of dedicated
prediction models.
Objective: This study aimed to develop and validate an interpretable machine learning model specifically for multiclass
hepatic steatosis severity prediction in nonobese individuals to support early risk stratification in this underrecognized group.
Methods: Health examination data from 215,145 nonobese participants (BMI <28 kg/m²) were randomly divided into training
(n=150,601, 70%) and test (n=64,544, 30%) sets. Hepatic steatosis was diagnosed and graded using the controlled attenuation
parameter with established thresholds (none: <248 dB/m; mild: 248‐268 dB/m; and moderate to severe: >268 dB/m). From
42 candidate variables, 14 predictors were selected using Least Absolute Shrinkage and Selection Operator regression and
Recursive Feature Elimination based on Random Forest importance. Six machine learning algorithms—k-nearest neighbors,
naive Bayes, multilayer perceptron, random forest, support vector machine, and Extreme Gradient Boosting (XGBoost)—were
developed using 10-fold cross-validation, with hyperparameters optimized for maximal area under the receiver operating
characteristic curve (ROC-AUC). Model interpretability was assessed using Shapley Additive Explanations analysis. External
validation was conducted in non-Hispanic Asian participants from the National Health and Nutrition Examination Survey
(n=726). Model performance was evaluated using accuracy, Cohen κ, ROC-AUC, area under the precision-recall curve,
F1-score, precision, sensitivity, and specificity.
Results: The final cohort included 215,145 participants, with steatosis severity classified as none (n=92,944, 43.2%), mild
(n=54,121, 25.2%), and moderate to severe (n=68,080, 31.6%). Among the 6 machine learning models, XGBoost achieved
the best discrimination on the test set, with an accuracy of 0.824 and a macro-average ROC-AUC of 0.941. In external
validation, the model maintained strong performance (macro-average ROC-AUC=0.874). Shapley Additive Explanations
analysis identified BMI, waist circumference, liver enzymes (alanine aminotransferase and aspartate aminotransferase), renal
function indicators (uric acid and serum creatinine), and metabolic indices (triglycerides, continuous metabolic syndrome
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score, and triglyceride-glucose index) as key contributors to model predictions. The model has been implemented as an online
prediction platform to facilitate clinical use.
Conclusions: This interpretable XGBoost model accurately predicts controlled attenuation parameter–defined hepatic
steatosis severity in nonobese individuals and demonstrates robust performance in both internal and external validation cohorts,
providing a practical tool for early risk stratification in this underrecognized population.
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risk stratification

Introduction
Steatotic liver disease (SLD) is a heterogeneous condi-
tion influenced by genetic susceptibility, epigenetic factors,
diet, and lifestyle [1]. It has become a leading cause
of chronic liver disease globally, with a prevalence of
32.4% that has risen to 37.8% since 2016 [1,2]. Tradi-
tional screening strategies have primarily targeted obesity-
associated metabolic risks [3]. Recent epidemiological data,
however, indicate that up to 40% of SLD cases occur in
nonobese individuals, of whom 20% are classified as lean
[4], challenging conventional diagnostic paradigms. Despite
the absence of overt obesity, these individuals face risks
of liver fibrosis, cirrhosis, and cardiometabolic complica-
tions comparable to their obese counterparts, with evidence
suggesting potentially accelerated disease progression [5-8].
Frequent diagnostic delays, driven by lower clinical suspicion
in nonobese individuals, exacerbate this issue. The dissocia-
tion between BMI and metabolic dysregulation in this group
highlights the urgent need for screening strategies tailored to
their distinct metabolic phenotype.

Although liver biopsy remains the diagnostic gold
standard, its invasiveness precludes widespread screening.
Conventional ultrasound, the primary screening modality, has
well-documented limitations, including operator dependence
and low sensitivity for detecting mild steatosis (5%‐33% fat
content); its accuracy for grading steatosis is only 51.7% [9-
11]. The controlled attenuation parameter (CAP), meas-
ured via transient elastography using FibroScan (Echosens),
provides a more reliable quantitative alternative, enabling
standardized classification into 3 severity grades [12-14].
CAP correlates with histological steatosis and metabolic
dysfunction severity, offering stratification that guides
management—from lifestyle modification for mild disease
to combined pharmacological approaches for moderate-to-
severe cases [1,15-17]. However, the cost and technical
requirements of CAP limit its broad adoption in primary
care. Consequently, a diagnostic gap persists, allowing many
early-stage nonobese SLD cases to go undetected. This gap
underscores the need for nonimaging, cost-effective tools
capable of multiclass severity discrimination, particularly for
mild steatosis, to facilitate early intervention in metabolically
at-risk nonobese populations.

Machine learning (ML) has emerged as a valuable tool
for predicting fatty liver disease (FLD) in large-scale studies.
For instance, Chen et al [18] and Deng et al [19] used ML
models, including Extreme Gradient Boosting (XGBoost),

to predict FLD and metabolic dysfunction–associated SLD
(MASLD) with high accuracy, achieving areas under the
receiver operating characteristic curve (ROC-AUCs) of 0.882
and 0.86, respectively. Other studies by Weng et al [20]
and Huang et al [21] further demonstrated that ML models
can outperform traditional indices such as the Fatty Liver
Index (FLI) in FLD detection. A notable advance by Su et
al [22] developed a neural network model specifically for
lean individuals (BMI <23 kg/m²), reporting an ROC-AUC
of 0.885. While representing progress in population-specific
modeling, this approach was limited to binary classifica-
tion and relied on ultrasound—a modality with recognized
sensitivity limitations, especially for mild steatosis. These
limitations highlight the need for models capable of multi-
class severity stratification in nonobese populations based on
a more sensitive quantitative standard.

To address these gaps, this study aimed to develop and
validate an optimal multiclass ML model for predicting
hepatic steatosis severity in nonobese populations, using
large-scale health examination data from Eastern China. Six
ML models were constructed and compared. The proposed
approach offers several key advancements: (1) the use of
CAP for accurate steatosis grading, overcoming the sensi-
tivity limitations of ultrasound; (2) a specific focus on the
underrecognized nonobese population; (3) multiclass severity
prediction (none, mild, and moderate to severe) for precise
risk stratification; and (4) deployment as an open-access
online platform offering both a full and a simplified model to
accommodate varied resource settings. By enabling multi-
class risk stratification in nonobese individuals, this work
provides a practical tool to support early identification and
may facilitate a shift from passive imaging-based diagnosis
toward more proactive metabolic risk assessment.

Methods
Study Population
Retrospective health examination data from 269,240
individuals (2018‐2024) were obtained from the Health
Management Center database of the First Affiliated Hospital
of University of Science and Technology of China. After
applying inclusion criteria (completion of transient elastogra-
phy, BMI <28 kg/m²) and exclusion criteria (missing BMI,
age <18 or >100 y, pregnancy, liver cirrhosis, liver tumors,
or other malignancies), 215,145 participants were included.
The BMI cutoff of <28 kg/m² aligns with the Chinese adult
obesity threshold (BMI ≥28 kg/m²) defined by the Working
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Group on Obesity in China [23]. This cutoff is also consis-
tent with the Asian-specific obesity criterion (27.5 kg/m²)
recommended in international guidelines [24], reflecting
the distinct anthropometric and metabolic profile of Asian
populations.

For the external validation cohort extracted from
the National Health and Nutrition Examination Survey
(NHANES) 2017 to 2020 cycle, only non-Hispanic Asian
participants with complete data for all variables required
by the final model (including CAP, anthropometric meas-
ures, laboratory tests, and derived composite indices) were
retained. Participants with any missing values in these key
variables were excluded, resulting in a final sample of 726
individuals with fully observed data.
Ethical Considerations
This study was conducted in accordance with the Declaration
of Helsinki and was approved by the Ethics Committee of
the First Affiliated Hospital of University of Science and
Technology of China (approval 2024-RE-312). The require-
ment for obtaining individual informed consent was waived
by the approving ethics committee. All personal identifiers
were removed prior to analysis to protect participant privacy
and confidentiality. No compensation was provided for this
secondary use of data. The manuscript and supplementary
materials contain no personally identifiable information of
any participant.
Grading Diagnosis of Hepatic Steatosis
Hepatic steatosis was diagnosed and graded using CAP
measured via transient elastography. CAP quantifies
ultrasound wave attenuation, correlating with liver fat
content. Severity was graded using established thresholds:
none (CAP <248 dB/m), mild (248‐268 dB/m), and moder-
ate to severe (>268 dB/m) [12]. The reliability of CAP is
well established; validation against liver biopsy in multicen-
ter studies has shown excellent ROC-AUC (0.87 for ≥S1
steatosis) [13]. This quantitative approach ensures objec-
tive and reproducible assessment, overcoming limitations of
conventional ultrasonography.
Variable Processing and Selection
Initially, 42 potential predictors were collected from
questionnaires and routine examinations. Variables with
>30% missing data were excluded. The missing data pattern
in the final cohort (n=215,145) is shown in Multimedia
Appendix 1. After splitting the data into training (n=150,601,
70%) and test (n=64,544, 30%) sets, missing values were
handled using multiple imputation with the random forest
(RF) algorithm (mice package, method=“rf”). To account for
imputation uncertainty, we generated 5 independent imputed
datasets from the training set only. The imputation models
learned from the training set were then applied once to
the test set—this reflects real deployment, where new data
are observed only once, while multiple imputation at the
training stage and the subsequent model ensemble already
capture missing data uncertainty. Continuous features were
normalized using z-score standardization based on training
set means and SDs, with the same parameters applied to the

test set. Categorical features were label encoded to avoid high
dimensionality from one-hot encoding.

Additionally, the following composite indicators were
calculated: the aspartate aminotransferase (AST)-to-alanine
aminotransferase ratio (ALT); mean arterial pressure as
(2×diastolic blood pressure+systolic blood pressure [SBP])/3;
the continuous metabolic syndrome score (CMetS), derived
from weighted calculations of waist circumference (WC),
high-density lipoprotein (HDL) cholesterol, mean arterial
pressure, triglycerides, and fasting blood glucose (FBG)
[25]; and the triglyceride-glucose index (TyG) as Ln[fast-
ing triglycerides (mg/dL)×fasting glucose (mg/dL)/2]. As the
original laboratory measurements of FBG and triglycerides
in our cohort were recorded in mmol/L, these values were
converted to mg/dL prior to TyG calculation by multiply-
ing by the conversion factors: 18 for glucose and 88.57 for
triglycerides.
Feature Selection
To identify key predictors robust to imputation uncertainty,
feature selection was performed within each of the 5 imputed
training datasets. In each dataset, 2 complementary meth-
ods were applied in parallel: Least Absolute Shrinkage
and Selection Operator (LASSO) regression with 10-fold
cross-validation and Recursive Feature Elimination based on
Random Forest importance (RFE-RF). For a given dataset,
the intersection of variables selected by LASSO and RFE-RF
was taken as its candidate set. Across the 5 imputed datasets,
variables that appeared in at least three candidate sets were
retained as the final predictors.
Model Development and Explanation
After multiple imputation, 5 complete training datasets were
generated. For each ML algorithm (XGBoost, multilayer
perceptron [MLP], k-nearest neighbors [KNN], RF, support
vector machine [SVM], and naive Bayes [NB]), we trained
5 separate models—one on each imputed training set. Each
of these 5 models then produced predicted probabilities for
all classes on the test set. To account for uncertainty arising
from missing data imputation, we pooled these predictions
by averaging the 5 probability vectors for each test sample,
yielding a single pooled probability per class. The final
predicted class was assigned as the class with the high-
est average probability. All performance metrics (accuracy,
Cohen κ, macro-average ROC-AUC, macro-average PR-
AUC, as well as class-wise precision, recall, specificity,
and F1-score) were derived from these pooled predictions.
To enhance interpretability, Shapley Additive Explanations
(SHAP) analysis was applied to the best-performing XGBoost
model. Grounded in game theory, SHAP values quantify the
magnitude and direction of each feature’s contribution to
individual predictions, providing a mathematically consistent
framework for model explanation.
Statistical Analysis
All statistical analyses were performed using R software and
Python. The Kolmogorov-Smirnov test assessed normality for
continuous variables. For nonnormally distributed data, group
comparisons used the Kruskal-Wallis H test (multiple groups)
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or Mann-Whitney U test (2 groups). Categorical variables
were summarized as frequencies and percentages, with
differences assessed by the Pearson chi-square test. Two-
sided P values <.05 were considered statistically significant.

Results
Basic Characteristics
The final cohort comprised 215,145 participants, stratified
by hepatic steatosis grade: none (n=92,944, 43.2%), mild

(n=54,121, 25.2%), and moderate to severe (n=68,080,
31.6%). The cohort had a median age of 44 (IQR 34‐54)
years, a balanced sex distribution (men: 51.07%; Table 1).
The distributions of the 6 most influential predictors across
grades are shown in Multimedia Appendix 2, displaying clear,
clinically expected trends. The training and test sets exhibited
balanced baseline characteristics (Multimedia Appendix 3).
Density plots confirmed that the distributions of key variables
remained consistent before and after multiple imputation
(Multimedia Appendix 4). Detailed information about the
research design is available in Figure 1.

Table 1. Baseline characteristics of participants stratified by hepatic steatosis grade.
Variables Total (N=215,145) None (n=92,944) Mild (n=54,121) Moderate to severe

(n=68,080)
Pa value

Age (y), median (IQR) 44 (34 to 55) 42 (32 to 53) 46 (35 to 55) 46 (36 to 55) <.001
Gender, n (%) <.001
  Female 1,03,979 (48.33) 48,089 (51.74) 25,594 (47.29) 30,296 (44.50)
  Male 1,09,875 (51.07) 44,269 (47.63) 28,213 (52.13) 37,393 (54.9)
  Miss 1291 (0.60) 586 (0.63) 314 (0.58) 391 (0.58)
CAPb (dB/m), median (IQR) 251 (227 to 275) 224 (212 to 233) 257 (250 to 262) 283 (276 to 291) <.001
LSMc (kPa), median (IQR) 5.80 (4.90 to 6.70) 5.50 (4.70 to 6.40) 5.80 (5 to 6.70) 6.20 (5.30 to 7.10) <.001
  Miss, n (%) 27,582 (12.82) 12,403 (13.34) 6897 (12.74) 8282 (12.17)
WCd (cm), median (IQR) 88 (83 to 92) 83 (79 to 87) 89 (86 to 91) 92 (90 to 95) <.001
BMI (kg/m2), median (IQR) 24.30 (22.47 to 25.90) 22.47 (20.93 to 23.90) 24.50 (23.40 to 25.70) 26.10 (25.10 to 27) <.001
SBPe (mm Hg), median (IQR) 124 (113 to 136) 120 (110 to 131) 125 (115 to 137) 128 (118 to 140) <.001
  Miss, n (%) 49,419 (22.97) 24,317 (26.16) 13,488 (24.92) 11,614 (17.06)
DBPf (mm Hg), median (IQR) 77 (70 to 85) 74 (67 to 82) 78 (71 to 85) 81 (73 to 88) <.001
  Miss, n (%) 6648 (3.09) 3592 (3.86) 1914 (3.54) 1142 (1.68)
Lymg (%), median (IQR) 33.60 (28.70 to 38.70) 33.70 (28.70 to 38.90) 33.30 (28.60 to 38.50) 33.50 (28.80 to 38.40) <.001
  Miss, n (%) 59,380 (27.6) 26,893 (28.93) 15,327 (28.32) 17,160 (25.21)
PLTh (×10⁹/L) 224 (191 to 261) 221 (188 to 258.75) 223 (191 to 260) 229 (195 to 266) <.001
  Miss, n (%) 61,962 (28.8) 27,789 (29.9) 15,876 (29.33) 18,297 (26.88)
Monoi (%), median (IQR) 6.50 (5.50 to 7.70) 6.50 (5.50 to 7.60) 6.60 (5.60 to 7.70) 6.60 (5.60 to 7.70) <.001
  Miss, n (%) 61,295 (28.49) 27,543 (29.63) 15,832 (29.25) 17,920 (26.32)
Neuj (%), median (IQR) 56.60 (51.20 to 61.80) 56.50 (51 to 62) 56.70 (51.50 to 61.80) 56.50 (51.40 to 61.60) .08
  Miss, n (%) 59,272 (27.55) 26,987 (29.04) 15,234 (28.15) 17,051 (25.05)
WBCk (×10⁹/L), median (IQR) 5.85 (5 to 6.84) 5.56 (4.74 to 6.52) 5.89 (5.08 to 6.88) 6.19 (5.35 to 7.17) <.001
  Miss, n (%) 54,797 (25.47) 26,714 (28.74) 15,189 (28.06) 12,894 (18.94)
Hbl (g/L), median (IQR) 148 (136 to 156) 142 (131 to 153) 149 (140 to 157) 153 (145 to 160) <.001
  Miss, n (%) 63,339 (29.44) 27,853 (29.97) 16,207 (29.95) 19,279 (28.32)
FBGm (mmol/L), median (IQR) 5.08 (4.76 to 5.47) 4.96 (4.68 to 5.29) 5.11 (4.80 to 5.50) 5.23 (4.89 to 5.72) <.001
  Miss, n (%) 10,004 (4.65) 5396 (5.81) 3012 (5.57) 1596 (2.34)
Triglycerides (mmol/L), median
(IQR)

1.32 (0.93 to 1.92) 1.05 (0.78 to 1.45) 1.40 (1.02 to 1.96) 1.76 (1.26 to 2.53) <.001

  Miss, n (%) 3249 (1.51) 1807 (1.94) 893 (1.65) 549 (0.81)
TCn (mmol/L), median (IQR) 4.78 (4.22 to 5.39) 4.68 (4.14 to 5.29) 4.83 (4.27 to 5.44) 4.88 (4.33 to 5.49) <.001
  Miss, n (%) 39,479 (18.35) 19,428 (20.9) 10,973 (20.27) 9078 (13.33)
HDLo cholesterol (mmol/L),
median (IQR)

1.13 (0.96 to 1.35) 1.24 (1.05 to 1.47) 1.10 (0.94 to 1.30) 1.02 (0.88 to 1.18) <.001

  Miss, n (%) 9488 (4.41) 5114 (5.5) 2786 (5.15) 1588 (2.33)
LDLp cholesterol (mmol/L),
median (IQR)

2.84 (2.35 to 3.36) 2.71 (2.25 to 3.21) 2.91 (2.43 to 3.42) 2.97 (2.47 to 3.49) <.001
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Variables Total (N=215,145) None (n=92,944) Mild (n=54,121) Moderate to severe

(n=68,080)
Pa value

  Miss, n (%) 1441 (0.67) 794 (0.85) 406 (0.75) 241 (0.35)
VLDLq cholesterol (mmol/L),
median (IQR)

0.72 (0.54 to 0.95) 0.67 (0.51 to 0.87) 0.73 (0.55 to 0.97) 0.79 (0.58 to 1.07) <.001

  Miss, n (%) 51,592 (23.98) 25,213 (27.13) 14,286 (26.4) 12,093 (17.76)
HbA1cr (%), median (IQR) 5.50 (5.30 to 5.80) 5.50 (5.30 to 5.70) 5.60 (5.40 to 5.80) 5.60 (5.40 to 6) <.001
  Miss, n (%) 58,197 (27.05) 26,345 (28.35) 15,234 (28.15) 16,618 (24.41)
ALTs (U/L), median (IQR) 21 (15.50 to 31) 18 (13 to 24) 22 (16 to 30) 28 (20 to 41) <.001
  Miss, n (%) 559 (0.26) 308 (0.33) 164 (0.3) 87 (0.13)
ASTt (U/L), median (IQR) 22 (19 to 26.70) 21 (18 to 25) 22 (19 to 26) 24 (20 to 29) <.001
  Miss, n (%) 387 (0.18) 219 (0.24) 108 (0.2) 60 (0.09)
GGTu (U/L), median (IQR) 22.80 (15 to 36.20) 17.70 (12.90 to 26.10) 24 (16.70 to 37) 32 (21.90 to 51) <.001
  Miss, n (%) 60,972 (28.34) 27,489 (29.58) 15,930 (29.43) 17,553 (25.78)
ALPv (IU/L), median (IQR) 72 (61 to 86) 69 (58 to 83) 73 (62 to 87) 75 (64 to 88) <.001
  Miss, n (%) 5658 (2.63) 3089 (3.32) 1713 (3.17) 856 (1.26)
BUNw (mmol/L), median (IQR) 5.26 (4.49 to 6.14) 5.16 (4.38 to 6.07) 5.31 (4.56 to 6.19) 5.35 (4.60 to 6.21) <.001
  Miss, n (%) 57,766 (26.85) 26,123 (28.11) 15,098 (27.9) 16,545 (24.3)
SCrx (μmol/L), median (IQR) 69 (60 to 78) 67 (56 to 76) 71 (62 to 79) 71 (63 to 79) <.001
  Miss, n (%) 34,509 (16.04) 17,023 (18.32) 9576 (17.69) 7910 (11.62)
UAy (μmol/L), median (IQR) 360.70 (303 to 419) 329 (275 to 387) 368.70 (315.48 to 422) 395 (342 to 451) <.001
  Miss, n (%) 51,656 (24.01) 25,196 (27.11) 14,312 (26.44) 12,148 (17.84)
AFPz (ng/mL), median (IQR) 2.80 (2 to 3.96) 2.67 (1.93 to 3.83) 2.88 (2.04 to 4.07) 2.91 (2.08 to 4.06) <.001
  Miss, n (%) 49,032 (22.79) 23,987 (25.81) 13,612 (25.15) 11,433 (16.79)
CEAaa (ng/mL), median (IQR) 1.69 (1.18 to 2.43) 1.64 (1.13 to 2.39) 1.72 (1.21 to 2.46) 1.74 (1.23 to 2.47) <.001
  Miss, n (%) 30,271 (14.07) 14,986 (16.12) 8414 (15.55) 6871 (10.09)
ALBab (g/L), median (IQR) 46 (44.30 to 47.70) 45.70 (44 to 47.50) 46 (44.30 to 47.60) 46.40 (44.80 to 48.10) <.001
  Miss, n (%) 61,574 (28.62) 27,589 (29.68) 15,966 (29.5) 18,019 (26.47)
Tbliac (μmol/L), median (IQR) 14.30 (11.30 to 18.20) 14.20 (11.20 to 18.10) 14.30 (11.40 to 18.20) 14.50 (11.50 to 18.40) <.001
  Miss, n (%) 61,510 (28.59) 27,498 (29.59) 15,981 (29.53) 18,031 (26.49)
Dbliad (μmol/L), median (IQR) 4.10 (2.90 to 5.50) 4 (2.80 to 5.50) 4.10 (2.90 to 5.40) 4.20 (3.10 to 5.50) <.001
  Miss, n (%) 61,144 (28.42) 27,345 (29.42) 15,876 (29.33) 17,923 (26.33)
Ibliae (μmol/L), median (IQR) 10.30 (8 to 13.30) 10.20 (8 to 13.20) 10.30 (8.10 to 13.40) 10.30 (8.00 to 13.30) .01
  Miss, n (%) 54,840 (25.49) 25,432 (27.36) 14,123 (26.1) 15,285 (22.45)
HBPaf, n (%) <.001
  No 1,20,761 (56.13) 61,743 (66.43) 27,548 (50.90) 31,470 (46.23)
  Yes 78,808 (36.63) 24,426 (26.28) 20,956 (38.72) 33,426 (49.10)
  Miss 15,576 (7.24) 6775 (7.29) 5617 (10.38) 3184 (4.67)
TyGag, median (IQR) 8.68 (8.29 to 9.10) 8.35 (8.04 to 8.69) 8.68 (8.34 to 9.04) 8.97 (8.61 to 9.37) <.001
  Miss, n (%) 11,682 (5.43) 5595 (6.02) 3058 (5.65) 3029 (4.45)
CMetSah, median (IQR) 0.33 (−0.10 to 0.78) −0.12 (−0.44 to 0.23) 0.29 (−0.03 to 0.64) 0.71 (0.36 to 1.12) <.001
  Miss, n (%) 50,925 (23.67) 24,686 (26.56) 13,579 (25.09) 12,660 (18.60)

aP values for continuous variables were calculated using the Kruskal-Wallis H test, and those for categorical variables were calculated using Pearson
chi-square test.
bCAP: controlled attenuation parameter.
cLSM: liver stiffness measurement.
dWC: waist circumference.
eSBP: systolic blood pressure.
fDBP: diastolic blood pressure.
gLym: lymphocyte percentage.
hPLT: platelet count.
iMono: monocyte percentage.
jNeu: neutrophil percentage.
kWBC: white blood cell count.
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lHb: hemoglobin.
mFBG: fasting blood glucose.
nTC: total cholesterol.
oHDL: high-density lipoprotein.
pLDL: low-density lipoprotein.
qVLDL: very-low-density lipoprotein.
rHbA1c: hemoglobin A1c.
sALT: alanine aminotransferase.
tAST: aspartate aminotransferase.
uGGT: gamma-glutamyl transferase.
vALP: alkaline phosphatase.
wBUN: blood urea nitrogen.
xSCr: serum creatinine.
yUA: uric acid.
zAFP: alpha-fetoprotein.
aaCEA: carcinoembryonic antigen.
abALB: albumin.
acTbli: total bilirubin.
adDbli: direct bilirubin.
aeIbli: indirect bilirubin.
afHBP: high blood pressure.
agTyG: triglyceride-glucose index.
ahCMetS: continuous metabolic syndrome score.

Figure 1. Study flowchart of participant selection and model development workflow. CAP: controlled attenuation parameter; KNN: k-nearest
neighbors; LASSO: Least Absolute Shrinkage and Selection Operator; MLP: multilayer perceptron; NB: naive Bayes; NHANES: National Health
and Nutrition Examination Survey; RF: random forest; RFE-RF: Recursive Feature Elimination based on Random Forest importance; ROC: receiver
operating characteristic; SVM: support vector machine; USTC: University of Science and Technology of China; XGBoost: Extreme Gradient
Boosting.

Feature Selection
Following the multiple imputation–based feature selection
procedure, 14 predictors were consistently identified as robust
determinants of hepatic steatosis severity in the nonob-
ese population. These final selected variables encompass
multiple physiological dimensions: anthropometric measures
(BMI and WC), liver enzymes (ALT, AST, and alkaline

phosphatase [ALP]), renal function indicators (uric acid
[UA] and serum creatinine [SCr]), lipid profiles (trigly-
cerides and low-density lipoprotein [LDL] cholesterol),
metabolic composites (CMetS and TyG), as well as age,
SBP, and albumin. Some individual metabolic parameters
(eg, high-density lipoprotein cholesterol and FBG) were
likely excluded as their collective information was more
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comprehensively represented by the selected composite
measure, CMetS. LASSO coefficient paths, cross-validation
error curves for optimal lambda selection, and RFE-RF
accuracy curves are presented in Multimedia Appendix 5.
Model Performance Comparisons
Six ML models were developed for multiclass severity
stratification (none, mild, and moderate to severe). All

models demonstrated robust performance. In the training
set, KNN achieved perfect discrimination (macro-average
ROC-AUC=1.000) due to overfitting, followed by RF
(0.959), XGBoost (0.945), MLP (0.942), SVM (0.917), and
NB (0.913; Table 2 and Figure 2A). In the test set, XGBoost,
MLP, and RF tied for the highest macroaverage ROC-AUC,
each attaining 0.941 (Table 2 and Figure 3A). They were
followed by KNN (0.934), SVM (0.917), and NB (0.913).

Table 2. Performance of each algorithm in the training and test set.
Performance metric Training set Test set

KNNa MLPb NBc RFd SVMe XGBoostf KNN MLP NB RF SVM XGBoost
Accuracy 0.998 0.823 0.766 0.847 0.799 0.828 0.810 0.821 0.767 0.817 0.798 0.824
Cohen_Kappa 0.997 0.716 0.640 0.760 0.657 0.721 0.700 0.712 0.641 0.711 0.654 0.713
macro_ROC_AUCg 1.000 0.942 0.913 0.959 0.917 0.945 0.934 0.941 0.913 0.941 0.917 0.941
micro_ROC_AUC 1.000 0.947 0.918 0.962 0.921 0.950 0.940 0.946 0.918 0.946 0.921 0.946
macro_PR_AUCh 1.000 0.892 0.831 0.924 0.841 0.897 0.875 0.890 0.831 0.890 0.839 0.890
micro_PR_AUC 1.000 0.900 0.845 0.929 0.851 0.905 0.886 0.898 0.845 0.898 0.849 0.899
Precision (none) 0.999 0.879 0.824 0.893 0.882 0.882 0.867 0.878 0.824 0.874 0.877 0.879
Recall (none) 0.999 0.849 0.834 0.862 0.872 0.843 0.827 0.849 0.836 0.838 0.875 0.840
Specificity (none) 0.999 0.911 0.864 0.921 0.911 0.915 0.904 0.911 0.864 0.908 0.907 0.912
F1-score (none) 0.999 0.863 0.829 0.877 0.877 0.862 0.847 0.864 0.830 0.855 0.876 0.859
ROC_AUC (none) 1.000 0.966 0.950 0.976 0.948 0.967 0.960 0.965 0.950 0.965 0.947 0.965
Precision (mild) 0.996 0.737 0.662 0.740 0.686 0.739 0.727 0.725 0.657 0.718 0.675 0.731
Recall (mild) 0.997 0.751 0.770 0.813 0.636 0.786 0.761 0.745 0.769 0.766 0.630 0.783
Specificity (mild) 0.999 0.910 0.868 0.904 0.902 0.906 0.904 0.905 0.865 0.899 0.898 0.903
F1-score (mild) 0.997 0.744 0.712 0.775 0.660 0.762 0.744 0.735 0.709 0.741 0.652 0.756
ROC_AUC (mild) 1.000 0.891 0.839 0.924 0.843 0.896 0.877 0.889 0.839 0.890 0.843 0.890
Precision (moderate to severe) 0.999 0.820 0.784 0.881 0.773 0.832 0.803 0.825 0.794 0.826 0.782 0.832
Recall (moderate to severe) 0.998 0.846 0.669 0.854 0.830 0.840 0.825 0.844 0.671 0.828 0.827 0.836
Specificity (moderate to severe) 0.999 0.914 0.915 0.947 0.887 0.922 0.907 0.917 0.919 0.919 0.893 0.922
F1-score (moderate to severe) 0.998 0.833 0.722 0.867 0.800 0.836 0.814 0.835 0.727 0.827 0.804 0.834
ROC_AUC (moderate to severe) 1.000 0.969 0.951 0.977 0.960 0.971 0.965 0.969 0.951 0.969 0.960 0.969

aKNN: k-nearest neighbors.
bMLP: multilayer perceptron.
cNB: naive Bayes.
dRF: random forest.
eSVM: support vector machine.
fXGBoost: Extreme Gradient Boosting.
gROC-AUC: area under the receiver operating characteristic curve.
hPR-AUC: area under the precision-recall curve.
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Figure 2. Performance of the XGBoost (Extreme Gradient Boosting) model in the training set. AUC: area under the curve; ROC: receiver operating
characteristic.

Figure 3. Performance of the XGBoost (Extreme Gradient Boosting) model in the test set. AUC: area under the curve; ROC: receiver operating
characteristic.

Precision-recall (PR) curves were analyzed to evaluate
performance under class imbalance (Figure 2B for training
and Figure 3B for test set of XGBoost). In the training set,
KNN exhibited a perfect macro-average PR-AUC (1.000)

as a result of overfitting. Among the remaining models,
RF achieved the highest macro-average PR-AUC (0.924),
followed by XGBoost (0.897), MLP (0.892), SVM (0.841),
and NB (0.831). In the test set, XGBoost, MLP, and again RF
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achieved identical macro-average PR-AUC values of 0.890,
marginally outperforming KNN (0.875), SVM (0.839), and
NB (0.831). Calibration assessments (Figures 2C and 3C)
demonstrated that XGBoost’s predicted probabilities showed
good alignment with observed outcomes. Its confusion matrix
(Figures 2D and 3D) also exhibited a favorable pattern,
characterized by relatively low misclassification density and
fewer severe grading errors between adjacent categories.
Corresponding figures for the other models are presented
in Multimedia Appendix 6, and complete performance data
across all imputed datasets are provided in Multimedia
Appendix 7.

As detailed in Table 2, XGBoost achieved the best overall
performance on the test set. It attained the highest macroaver-
age PR-AUC (0.890) and macroaverage ROC-AUC (0.941),
along with an accuracy of 0.824 and a Cohen κ of 0.713.
Although KNN showed exceptional training set performance
(macro ROC-AUC=1.000), its test set performance declined
to 0.934, indicating a degree of overfitting. While the
MLP and RF were competitive in several metrics (macro-
ROC-AUC=0.941 and macro-PR-AUC=0.890), XGBoost
was selected for further analysis due to its consistently
superior performance across all 3 severity classes, particu-
larly demonstrating higher precision and sensitivity for the
clinically important mild steatosis category—essential for
early detection—as well as its stronger interpretability via
SHAP and lower computational cost. Optimal hyperparame-
ters for all models are provided in Multimedia Appendix 8.

Model Interpretation
SHAP analysis was used on the optimal XGBoost model to
provide global and local explanations of its decision logic.
The bee swarm plot (Figure 4A) shows the distribution and
impact direction of SHAP values per feature across samples;
and the bar plot (Figure 4B) ranks features by mean abso-
lute SHAP value. Both analyses identified BMI, WC, ALT,
and UA as the most influential predictors across all severity
grades. A positive SHAP value indicates that a higher feature
value pushes the prediction toward a more severe category
(eg, elevated BMI, WC, and TyG increased the predicted risk
of moderate-to-severe steatosis).

SHAP dependence plots for the 4 most important features
(Figure 5) illustrate the nonlinear relationships between
feature values and their SHAP contributions. Consistently,
elevated levels of BMI, WC, ALT, and UA were associated
with positive SHAP values, increasing the predicted risk for
moderate-to-severe steatosis.

Local interpretation clarifies predictions for individual
cases. The waterfall plot (Figure 6A) deconstructs how each
feature shifts the model output from the baseline for a
representative patient. The force plot (Figure 6B) visually
maps the cumulative effect of all features in moving the
prediction from the base value to the final outcome. These
tools translate probabilistic outputs into clinically intelligible
terms, allowing verification of biological plausibility and
understanding of risk stratification rationale.

Figure 4. Global model interpretability using Shapley Additive Explanations. ALB: albumin; ALP: alkaline phosphatase; ALT: alanine aminotrans-
ferase; AST: aspartate aminotransferase; CMetS: continuous metabolic syndrome score; LDL: low-density lipoprotein cholesterol; SBP: systolic
blood pressure; SCr: serum creatinine; SHAP: Shapley Additive Explanations; TG: triglyceride; TyG: triglyceride-glucose index; UA: uric acid; WC:
waist circumference.
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Figure 5. Shapley Additive Explanations dependence plots for key predictors. ALT: alanine aminotransferase; SHAP: Shapley Additive Explana-
tions; UA: uric acid; WC: waist circumference.
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Figure 6. Local interpretability for individual predictions. ALB: albumin; ALP: alkaline phosphatase; ALT: alanine aminotransferase; AST: aspartate
aminotransferase; CMetS: continuous metabolic syndrome score; LDL: low-density lipoprotein cholesterol; SBP: systolic blood pressure; SCr: serum
creatinine; TG: triglycerides; TyG: triglyceride-glucose index; WC: waist circumference.
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Comprehensive Validation and
Comparative Analysis
For independent validation of generalizability, the optimized
XGBoost model was applied to an external cohort from the
NHANES 2017 to 2020 cycle. Among non-Hispanic Asian
participants (RIDRETH3=6) with complete CAP measure-
ments and BMI <28 kg/m², the initial eligible sample
comprised 1684 individuals. After excluding participants
with any missing values in the variables required by the
final model, the external validation cohort consisted of 726
individuals with fully observed data. The cohort exhibited
the following distribution across hepatic steatosis grades
based on CAP thresholds: none: 321 (44.2%), mild: 207
(28.5%), and moderate to severe: 198 (27.3%). For com-
parison, our internal cohort (n=215,145) demonstrated a
distribution of none: 92,944 (43.2%), mild: 54,121 (25.2%),
and moderate to severe: 68,080 (31.6%), indicating similar
distribution patterns between cohorts (Multimedia Appen-
dix 9). A comprehensive summary of the baseline demo-
graphic and clinical characteristics of this external validation
cohort, stratified by steatosis grade, is provided in Multime-
dia Appendix 10. The model demonstrated robust perform-
ance in this independent external validation: macro-average
ROC-AUC of 0.874 and micro-average ROC-AUC of 0.887
(Multimedia Appendix 11).

To assess the necessity of a dedicated model, a sep-
arate XGBoost model was trained on a general popula-
tion dataset (including obese individuals) using the same
features. When evaluated on the same held-out nonobese
test set, the nonobese-specific model showed significantly
superior discrimination (macroaverage ROC-AUC: 0.941
vs 0.852; P<.001; and microaverage ROC-AUC: 0.946 vs
0.869; P<.001), as detailed in Multimedia Appendix 11. This
indicates that while a general model retains basic predictive
capability, it fails to fully capture the distinct progression
patterns in nonobese individuals, highlighting the value of
population-specific tools.

To further evaluate clinical utility, a direct comparison
was made with the established FLI. As FLI is a binary
classifier, a dedicated binary XGBoost model was devel-
oped using a diagnostic threshold of CAP >248 dB/m to
define “potential hepatic steatosis” (encompassing both mild
and moderate-to-severe cases). Correspondingly, for FLI, a
threshold of 30 was selected instead of the conventional
60, aligning with the objective of early identification in a
nonobese screening context [26]. Both models were evalu-
ated on both the internal test set and the external NHANES
validation cohort. The performance of our binary XGBoost
model is detailed in Multimedia Appendix 12. As summar-
ized in the comparative table (Multimedia Appendix 13)
and illustrated by the receiver operating characteristic (ROC)

curve comparison (Multimedia Appendix 14), our model
substantially outperformed the FLI. Specifically, it achieved
areas under the curve (AUCs) of 0.947 (internal) and 0.892
(external), compared to the FLI’s AUCs of 0.809 and 0.792,
respectively. This demonstrates the superior discriminative
ability of our ML approach, which leverages a broader set
of metabolic and clinical features, for identifying steatosis in
nonobese individuals.
Application of Model
To enhance clinical utility, a publicly accessible online
prediction platform was developed [27]. By inputting routine
indicators (eg, BMI, WC, liver function, and metabolic
markers), users obtain real-time, individualized risk stratifi-
cation (none, mild, or moderate-to-severe probability) and
personalized management recommendations. The platform
is designed with clinical practicality in mind. It provides
predictions via the full 14-variable model when data are
complete. To accommodate settings where tests such as
albumin, uric acid, ALP, LDL cholesterol, or serum crea-
tinine are unavailable, a simplified “9-core-feature” model
has been implemented (see Multimedia Appendix 15 for
the 9-core-feature model’s performance). Among these, UA
and SCr were excluded primarily due to their lower rou-
tine accessibility in primary care settings, as well as their
relatively high missing rates in the original cohort (24.01%
and 16.04%, respectively); excluding them reduces the
uncertainty associated with multiple imputation. Albumin,
LDL cholesterol, and ALP were excluded based on their
relatively reduced predictive contribution in the full model.
It is important to clarify that although the simplified model
algorithmically uses 9 derived features, several of these are
composite indices—namely, BMI, the TyG, and the contin-
uous metabolic syndrome score—whose computation relies
on multiple raw clinical inputs. Consequently, deploying
the 9-feature model in practice requires the entry of 12
distinct primary measurements: age, sex, weight, height, waist
circumference, ALT, AST, FBG, triglycerides, high-density
lipoprotein cholesterol, SBP, and diastolic blood pressure.
As detailed in Multimedia Appendix 16, while the macro-
average ROC-AUC decreased from 0.941 (full model) to
0.917 (9-core model), the simplified model retains excel-
lent discriminatory performance suitable for initial risk
stratification. This dual-model design ensures functionality
across varying levels of resource availability. Figure 7
shows an example interface, which allows users to actively
select between the core-variable or full-variable model
based on data availability. The platform adheres to data
privacy standards with a user-friendly interface, bridging the
translational gap between artificial intelligence (AI) models
and primary health care.
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Figure 7. Online prediction platform interface.

Discussion
Principal Findings
This study demonstrates that ML effectively predicts
CAP-defined hepatic steatosis severity in nonobese popula-
tions, with the XGBoost model achieving superior perform-
ance. XGBoost yielded the highest macro-average ROC-AUC
(0.941) and PR-AUC (0.890) among all models evaluated.
More importantly, it maintained the best precision and
sensitivity across all 3 severity classes. It should be noted
that CAP is a surrogate marker for histologically confirmed
steatosis, with inherent false-positive and false-negative rates
compared to liver biopsy. Therefore, the model’s output
represents a proxy measure of disease severity, and clinical
confirmation may require further diagnostic evaluation.

Nonobese individuals were defined as those with a BMI
<28 kg/m². Global epidemiological studies report that 10%
to 30% of nonobese individuals have SLD, with prevalence
varying geographically (7%‐21% in Europe and America and
3%‐27% in Asia) [4,28,29]. This variability reflects racial
differences, inconsistent BMI criteria, and the subjectivity of
ultrasound-based diagnosis. The moderate-to-severe steatosis
prevalence in our cohort (31.6%) was slightly higher, possibly
due to the urban hospital-based sample, as urban popula-
tions typically exhibit higher SLD prevalence [3]. Nota-
bly, nonobese SLD is associated with significant clinical

risk. All-cause mortality in nonobese individuals with SLD
(12.1/1000 person-years) is comparable to the overall SLD
mortality rate (15.4/1000 person-years) [4], while liver-rela-
ted mortality in this group may be disproportionately high
[30]. These observations underscore that nonobese hepatic
steatosis carries outcomes at least comparable to, if not more
severe than, those in the general population. The absence of
targeted prediction tools contributes to underdiagnosis and
delayed intervention. It should be noted that while the cohort
was defined as “nonobese” (BMI <28 kg/m²), the median
BMI of the moderate-to-severe steatosis group (26.10 kg/m²)
falls within the overweight range. Therefore, the predictive
performance of the model is primarily representative of
and applicable to an “overweight-to-nonobese” population,
rather than a predominantly lean population (BMI <24 kg/
m²). Nevertheless, our cohort included a substantial propor-
tion of individuals within the normal weight or lean range,
constituting approximately 46% of the total sample. The
model retained discriminatory ability within this subgroup,
indicating its capacity to identify relevant metabolic patterns
across the spectrum of nonobese hepatic steatosis, including
in leaner individuals.

In this study, we have identified BMI, WC, triglycer-
ides, LDL, ALT, AST, age, SBP, ALP, albumin, UA,
SCr, CMetS, and TyG as key factors for hepatic steatosis
screening. It should be noted that our training data inclu-
ded mixed steatosis etiologies (eg, metabolic dysfunction–
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associated SLD and alcohol-related liver disease), and the
model predicts the severity of hepatic steatosis without
distinguishing its underlying etiology. Consequently, the
relevance and contribution of these key predictors might vary
across populations with differing prevalent causes. Addition-
ally, key predictors such as albumin (28.6%) and UA (24.0%)
had substantial missingness rates; despite rigorous multiple
imputation, this remains a limitation as imputation may
introduce noise. Several predictors are well-established risk
factors for SLD, including obesity-related indicators (BMI
and WC) [31], lipid metabolism markers (triglycerides and
LDL) [32], and liver enzymes (ALT and AST) [33]. Age
is a consistent correlate of SLD risk [34]. Hypertension,
reflected by elevated SBP, is independently associated with
hepatic steatosis [35]. Albumin may be linked to SLD
through oxidative stress and inflammation, which induce
posttranslational modifications that impair its antioxidant and
anti-inflammatory functions, potentially exacerbating disease
[36]. This aligns with findings that the albumin-to-alkaline
phosphatase ratio inversely predicts SLD risk in nonobese
Chinese cohorts [37]. Our study similarly incorporated ALP
and albumin measurements for predicting SLD in nonobese
populations, yielding findings consistent with these conclu-
sions. SCr concentration is independently associated with
SLD in middle-aged and older Chinese adults, with risk
increasing even within the normal range [38], and the
UA-to-SCr ratio rises with FLD severity [39]. Compared to
the non-SLD group, the adjusted odds ratio for the mild SLD
group was 1.147 (95% CI 1.099‐1.196), while the OR for
the moderate-to-severe SLD group increased to 1.275 (95%
CI 1.212‐1.341). Interestingly, robust studies have revealed
a strong association between SLD and CKD [40], regard-
less of underlying confounding conditions, such as obesity,
hypertension, and type 2 diabetes. The TyG index, calcula-
ted from FBG and triglycerides, has substantial evidence
demonstrating its positive correlation with the severity of
insulin resistance in various metabolic diseases [41]. Insulin
resistance is also a shared characteristic of SLD across
different severity levels. A study from China indicated that
the TyG index can serve as a predictor for SLD [42], with
an ROC-AUC reaching 0.78. This study further confirms the
significance of the TyG index in predicting SLD. CMetS,
a composite metric initially developed for cardiovascular
risk stratification [25], emerged as an independent predic-
tor here. By integrating several key metabolic components
into a single measure, CMetS provides a more informative
and holistic summary of metabolic dysfunction, capturing
the multifaceted pathophysiological patterns associated with
hepatic steatosis severity in this nonobese population. For
external validation, the Chinese-derived CMetS formula
was applied directly to the NHANES non-Hispanic Asian
participants without recalibration. We acknowledge the
potential limitation of this approach due to possible dif-
ferences in metabolic baselines. However, the restricted
non-Hispanic Asian subgroup shares phenotypic similarities
with the derivation cohort, making this a reasonable test
of transferability. Crucially, the model maintained robust
performance (macro-average ROC-AUC=0.874), supporting
the score’s utility in these metabolically similar groups. An

important consideration when interpreting the SHAP results
is the multicollinearity among key metabolic predictors—
triglycerides, TyG, and CMetS. Although this does not affect
the model’s predictive accuracy, it can lead to distributed
attribution of shared metabolic risk across these correlated
features in SHAP analysis, which may cause clinicians to
underestimate the specific contribution of lipid levels such as
triglycerides. Therefore, clinicians should interpret the SHAP
contributions of triglycerides, TyG, and CMetS collectively
as an integrated signal of metabolic dysfunction, rather than
in isolation.

The model’s interpretability and accessibility through
an online platform facilitate its potential integration as
a pre-screening and triage tool in primary care. During
routine checkups, practitioners can input readily available
parameters to obtain immediate 3-tiered risk stratification.
This output supports differentiated management: patients
stratified as “none” may require routine follow-up; those
with “mild” steatosis can be targeted for lifestyle counsel-
ing and monitoring; and those with “moderate-to-severe”
disease can be prioritized for confirmatory testing (eg, CAP)
or specialist referral. It should be noted that the model’s
precision for the “mild” category is relatively limited (test
set precision: 0.731 and sensitivity: 0.783). Therefore, we
recommend that this classification—and cases with predicted
probabilities near any diagnostic threshold—be interpreted
cautiously in conjunction with the full clinical context and
may warrant additional assessment. To address the practical
challenge of acquiring the full 14-variable panel in some
settings, we provide a validated simplified model based on 9
core variables, offering a pragmatic alternative for initial risk
stratification. While the simplified model retains acceptable
discriminatory performance suitable for initial risk stratifica-
tion (macro-average ROC-AUC decreasing from 0.941 to
0.917), it entails a trade-off, with overall accuracy declining
from 82.4% to 80.1% and sensitivity for the “no steatosis”
class decreasing from 84.0% to 81.2%. Clinicians should
be aware that this parsimonious version may underestimate
the probability of mild steatosis, potentially leading to a
higher false-negative rate in low-risk classifications. Notably,
manual documentation errors often limit the application of
comprehensive prediction models. Ambient AI scribes can
enhance electronic health record completeness and accuracy
by automatically capturing clinical encounters [43]. Integrat-
ing such tools into routine practice could facilitate consis-
tent predictor collection. This, in turn, would allow broader
deployment of our full 14-variable model and improve its
real-world performance. This convergence of AI-enhanced
data capture and ML-based risk stratification represents a
valuable direction for future research and clinical implemen-
tation.
Comparison With Prior Work
Prior studies have extensively validated ML for predicting
SLD. Chen et al demonstrated an XGBoost model outper-
formed the FLI (ROC-AUC 0.882) for identifying ultra-
sound-defined moderate-to-severe fatty liver [18]. Subsequent
work confirmed the robust performance of models using
routine clinical indicators in broader populations (AUC
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0.81‐0.89) [19-21]. These studies established a foundation
for data-driven prediction but were primarily designed for
general or obese populations and relied on ultrasound
for binary classification, limiting nuanced risk stratifica-
tion for nonobese individuals. A notable advance by Su
et al [22] focused specifically on lean individuals (BMI
<23 kg/m²), achieving an ROC-AUC of 0.885 with a
neural network, highlighting the value of population-spe-
cific modeling. However, their approach remained a binary
classifier based on ultrasound, which has limited sensitivity
for mild steatosis. Other advances have integrated multio-
mics data; for example, Oh et al [44] identified a cross-
ethnic gut microbiome signature for predicting cirrhosis
(AUC up to 0.91). While offering high performance and
mechanistic insight, such approaches rely on specialized
assays (eg, metagenomic sequencing), posing challenges for
routine, large-scale screening. This study extends prior work
through several focused modifications: (1) using the CAP
as a quantitative, more sensitive standard than ultrasound;
(2) specifically developing the model for a nonobese cohort
(BMI <28 kg/m²), with direct validation showing superiority
over a general population model (macro-average ROC-AUC
0.941 vs 0.852; P<.001); (3) implementing multiclass severity
prediction for finer risk stratification; and (4) using only
routinely available variables deployed via an interpretable
online tool to enhance clinical utility.

The translation of predictive models into clinical prac-
tice requires careful consideration of the uncertainties that
may affect their reliability. These uncertainties are primarily
3-fold: external uncertainty, relating to the model’s general-
izability across populations with differing data distributions;
model uncertainty, encompassing both parametric instability
and the structural limitations of the chosen algorithm in
capturing complex disease pathophysiology; and missing data
uncertainty, which arises from incomplete observations. In
this study, multiple imputation was applied to the training
set (5 datasets), while the test set was imputed only once
to reflect real-world deployment. The ensemble of 5 models
propagates imputation uncertainty from the training stage.
However, a limitation is that single imputation of the test
set does not quantify the uncertainty inherent in its own
missing values. Novel modeling architectures—such as deep
self-supervised learning with advanced feature selection for
learning robust representations from unlabeled data [45],
and frameworks integrating automated feature engineering

with dimensionality reduction to handle data imperfections
[46]—aim to develop more reliable and adaptable tools for
multidimensional health risk stratification.

In summary, an interpretable XGBoost model was
established to predict CAP-defined hepatic steatosis severity
in nonobese individuals using routinely available data.
By adopting CAP as a quantitative standard, the model
enables multiclass risk stratification. Its interpretability,
validated generalizability, and deployment as an accessible
online platform support its potential integration into clinical
workflows for early identification and management in this
population.
Limitations
This study has several limitations. First, generalizability
may be limited as the data came predominantly from urban
hospitals in Eastern China, lacking rural and diverse ethnic
representation, despite robust performance in an external
cohort. Additionally, evaluating the model exclusively on
participants with complete laboratory records in the external
validation may introduce selection bias, as individuals with
missing data could differ systematically from those retained.
Second, although we compared and selected the best-per-
forming model among 6 candidate algorithms, alternative or
more complex architectures may offer superior capabilities
for explicit uncertainty quantification. Third, the ongoing
debate over unified CAP diagnostic thresholds could affect
the consistency of steatosis grading. Finally, the training data
included mixed steatosis etiologies, and the model does not
distinguish underlying causes. Future validation using larger,
more diverse external cohorts with prospectively collected
etiological data is needed to further confirm the stability of
our performance estimates and enhance clinical utility.
Conclusions
The interpretable XGBoost model was established for
predicting CAP-defined hepatic steatosis severity in nonobese
populations based on routinely available clinical and
laboratory data in this study. This model demonstrated robust
predictive performance in both the internal test set and an
external validation cohort. To promote practical application,
the model as an openly accessible online prediction platform
was used.
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MLP: multilayer perceptron
NB: naive Bayes
NHANES: National Health and Nutrition Examination Survey
PR: precision-recall
RF: random forest
RFE-RF: Recursive Feature Elimination based on Random Forest
ROC: receiver operating characteristic
ROC-AUC: area under the receiver operating characteristic curve
SBP: systolic blood pressure
SCr: serum creatinine
SHAP: Shapley Additive Explanations
SLD: steatotic liver disease
SVM: support vector machine
TyG: triglyceride-glucose index
UA: uric acid
WC: waist circumference
XGBoost: Extreme Gradient Boosting
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